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Abstract
Aim: The fluctuating symptoms of clinical high risk for psychosis hamper conversion
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prediction models. Exploring specific symptoms using machine-learning has proven
fruitful in accommodating this challenge. The aim of this study is to explore specific
predictors and generate atheoretical hypotheses of onset using a close-monitoring,
machine-learning approach.
Methods: Study participants, N = 96, mean age 16.55 years, male to female ratio
46:54%, were recruited from the Prevention of Psychosis Study in Rogaland, Norway.
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Participants were assessed using the Structured Interview for Psychosis Risk Syndromes
(SIPS) at 13 separate assessment time points across 2 years, yielding 247 specific
scores. A machine-learning decision-tree analysis (i) examined potential SIPS predictors
of psychosis conversion and (ii) hierarchically ranked predictors of psychosis conversion.
Results: Four out of 247 specific SIPS symptom scores were significant: (i) reduced
expression of emotion at baseline, (ii) experience of emotions and self at 5 months,
(iii) perceptual abnormalities/hallucinations at 3 months and (iv) ideational richness at
6 months. No SIPS symptom scores obtained after 6 months of follow-up predicted
psychosis.
Conclusions: Study findings suggest that early negative symptoms, particularly those
observable by peers and arguably a risk factor for social exclusion, were predictive of
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psychosis. Self-expression and social behaviour might prove relevant entry points for
early intervention in psychosis and psychosis risk. Testing study results in larger samples and at other sites is warranted.
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I N T RO DU CT I O N

of the CHR-P criteria and prediction models of psychosis onset. Innovative predictive strategies such as machine learning, sequential

The wide range of non-specific symptoms characterizing individuals at

enrichment and joint modelling have been proposed to address this

clinical high risk for psychosis (CHR-P) challenges operationalization

challenge (Sanfelici et al., 2020; Studerus et al., 2020).
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provided the original work is properly cited.
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As psychosis arguably is one of the mental illnesses most disrup-

using data from frequent assessments in a decision-tree approach.

tive to leading fulfilling lives, better prediction of its debut has been a

We focus on symptoms derived from the Structured Interview for

main research focus over many years. Earlier and more precise identi-

Psychosis Risk Syndromes (SIPS) (Miller et al., 1999). SIPS includes

fication of risk could open up possibilities for earlier, better targeted

positive, negative, disorganization and general symptoms subscales,

preventive efforts. However, research is still hampered by several

which enables a multifaceted symptom basis for analysing CHR-P

problems. First, the definition of CHR-P is restricted to positive symp-

individuals.

toms only. This is puzzling, as the functional consequences of psychosis are mainly in the social realm (Ajnakina et al., 2019; Anglin
et al., 2020; McGorry et al., 2018; Moritz et al., 2019). Furthermore,

2
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besides attenuated psychotic symptoms, negative symptoms and poor
functioning are associated with an increased risk of psychosis. Early

2.1

|

Sample and recruitment

CHR-P symptoms typically emerge during adolescence (Catalan
et al., 2020; Raballo et al., 2020), a sensitive as well as dynamic devel-

The sample was recruited from the ongoing Prevention of Psychosis

opmental period when mature relationships and identity gradually

Study (POP), (Joa et al., 2015) a naturalistic longitudinal CHR-P study

manifest (Blakemore, 2018). Adolescence is accompanied by limita-

in Rogaland, Norway. The POP study included a population-based

tions in reflexivity, emotion regulation and the ability to consider con-

cohort (300 000 inhabitants) of CHR-P individuals between 2012

sequences before acting, thus increasing vulnerability to external

and 2018. Participants were recruited through intensified case detec-

influences (Blakemore, 2018). Further, the use of social media for

tion within secondary mental-health clinical services and the general

social engagement accelerates during this time period, adding a layer

population (for detailed descriptions of awareness campaigns, recruit-

of

(Bjornestad

ment, and treatment see Joa et al., 2021). POP was approved by the

et al., 2020). A recent umbrella review of 42 meta-analyses (Fusar-Poli

Regional Committee for Medical Research Ethics Health Region West,

et al., 2020) identified significant impairments in work or educational

Norway (2009/949). All participants provided written informed

functioning, social functioning, neurobiological functioning and quality

consent.

social

complexity

for

adolescents

to

master

of life in CHR-P individuals. The overall risk of psychosis conversion

In the present study, 141 participants were eligible for inclusion

was 22% at 3 years, and highest (38%) for the sub-group having brief

and 104 of these gave informed consent. Of those, eight (7.4%) were

and limited intermittent psychotic symptoms. However, substance

excluded either due to missing data on the main output variable: con-

use, comorbid mental disorders, suicidal ideation and accumulated

version to psychosis (N = 7) or had no symptom data (N = 1). Thus

sociodemographic risk factors were also common. Second, there is a

96 participants were included. Due to missing data at different assess-

challenge regarding timing of symptom detection. Time intervals

ments, the sample size varied across the study period. Participants

between study follow-up assessments are mostly long. Identifying in

converting to psychosis were excluded from the study at the time of

more detail when symptoms and psychological problems related to

conversion and offered inclusion in the Early Treatment and Interven-

CHR-P emerge could shed light on their place in a trajectory towards

tion in Psychosis-2 (TIPS 2) study (Joa et al., 2008). Hence, only

psychosis, and consequences for psychosocial development. Third,

assessments prior to conversion were included in the analysis. As par-

research is typically based on sum score analyses of composite con-

ticipants could re-enter the study after not participating in one or

structs, including the merging of several specific symptoms. Adding

more assessments, the missing assessments were counted from

specificity by studying individual phenomena and particular symptoms

1 month to 2 years. Participants who missed fewer than six assess-

in more detail could provide a fruitful way forward.

ments were compared to participants who missed more than six

Machine learning has shown promise for predicting psychosis

assessments. No significant differences between these two groups

onset in individuals at risk (Sanfelici et al., 2020). A simple variant of

were identified in baseline age, gender or any of the four SIPS scales

machine learning is decision-tree modelling (Kass, 1980). A key fea-

(mean-scores). Serial means were imputed for missing mean values on

ture in both machine learning and decision-tree modelling is that they

SIPS scores on the 6-, 12-, 18- and 24-month follow-ups used in

have no a priori theoretically based hypotheses—in this case regarding

Table 1. The addition of serial mean score did not alter which correla-

psychosis prediction. Further, such models handle large quantities of

tions were significant, nor did it substantially change the result on the

predictors, something that allows researchers to be less strict about

significant associations. Attrition thus appears to be at random for

which predictors are allowed in their models. They allow for model

both baseline and follow-up characteristics.

variables to be treated with equal value, and output is readily interpretable. Consequently, despite the fact that researchers are choosing
model variables, the impact of the researchers pre-understandings

2.2
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CHR-P inclusion and exclusion criteria

and biases are reduced. On this basis, decision-tree modelling seems
appropriate for generating hypotheses based on large quantities of
specific predictors of psychosis onset.

Individuals included in the POP study met the following criteria: living
in the catchment area; being 13–65 years of age; meeting diagnostic

In this study, we have aimed to explore specific symptom predic-

criteria for CHR-P based on the SIPS (Miller et al., 1999); their symp-

tors and generate a-theoretical hypotheses of psychosis onset by

toms not being better accounted for by an Axis I, Axis II or substance

3
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TABLE 1

Psychosis conversion distribution across key predictors at baseline
Converted
to psychosis

n = 96

Gender

Male

Female

Age at inclusion

>Median (16 years)

>Median (16 years)

N

%

Significance
NA

No

77

80

Yes

19

20

No

37

84

Yes

7

16

No

40

77

Yes

12

23

No

33

75

Yes

11

25

No

44

85

Yes

8

15
Mean

SIPS

Positive symptom scale

Negative symptom scale

Disorganized symptom
scale
General/affective
symptom scale

χ 2 = 0.77, df = 1, p = 0.380

χ 2 = 0.85, df = 1, p = 0.357

Std

No

74

2.10

0.70

Yes

19

2.24

0.69

No

71

1.69

0.93

Yes

19

2.43

0.84

No

71

0.80

0.54

Yes

19

0.87

0.80

No

71

2.22

0.84

Yes

19

2.63

0.87

t=

0.80. df = 91, p = 0.42

t=

3.11, df = 88, p < 0.01

t=

0.49, df = 88, p = 0.62

t=

1,87, df = 88, p = 0.07

Abbreviation: SIPS, Structured Interview for Psychosis Risk Syndromes.

use disorder, based on the Structured Clinical Interview for DSM dis-

intermittent psychotic symptoms (BIPS), and genetic risk and/or dete-

orders (SCID) I interview (First et al., 1995), with the exception of

rioration syndrome (Yung & McGorry, 1996). It was administered to

schizotypal personality disorder (the presence of any of these disor-

participants 13 times over 2 years, starting with baseline (T1), then

ders in itself was not an automatic reason for exclusion); “understand-

monthly for 6 months (T2, T3, T4, T5, T6, T7) and then every

ing and speaking one of the Scandinavian languages Norwegian,

3 months until 2 years post baseline (T8, T9, T10, T11, T12, T13).

Danish or Swedish all of which are inter-understandable”; and being

Two hundred and forty seven specific SIPS symptoms (19 symptoms

able to provide informed consent. Participants under 16 years of age

measured 13 times) were tested over this time period and treated as

also had to have consent from parents or guardians.

variables in the statistical modelling.

Individuals were excluded based on the following criteria: Meeting current or life-time criteria for any psychotic disorder; current use
of any antipsychotic medication; use of antipsychotic medication

2.4
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Procedure

(regardless of dosage) for more than 4 weeks in their lifetime; known
neurological or endocrine disorders related to CHR-P symptoms; and

Psychiatric nurses trained in interviewing for psychosis spectrum dis-

intellectual functioning below IQ of 70.

orders conducted the SIPS interviews. Trained clinical researchers
conducted the SCID for diagnosis (First et al., 1995). Consensus
regarding the CHR-P state was reached during weekly diagnostic

2.3
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Measures

meetings. Reliability of the SCID in the research group was satisfactory at kappa = 0.9 in 2012 (Weibell et al., 2013). Regular reliability

The SIPS is a semi-structured interview targeting experiences of

training was undertaken to avoid drift.

attenuated symptoms and other indicators of psychosis risk (Miller
et al., 1999). The SIPS subscales include positive symptoms (five
items), negative symptoms (six items), symptoms of disorganization

2.5
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Outcome measure—Psychosis onset

(four items) and general/affective symptoms (four items), with the
positive symptom scale defining psychosis risk (see Supporting Infor-

Psychosis onset was operationalized according to the SIPS Presence

mation 1 for a full list of SIPS-items). The SIPS identifies three clinical

of Psychotic Syndrome criteria (one or more SIPS positive symptom

high-risk syndromes: Attenuated positive symptoms (APS), brief

scores of six or higher that were seriously disorganising or dangerous

4
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or lasted on average more than 1 h per day, 4 days per week over a

though this confers a danger of overfitting, it is statistically superior to

1-month period) within any of the 12 assessment intervals of the

multiple bivariate analyses which would be the alternative and allows

follow-up. Conversion to psychosis was operationalized as a single

us to generate hypotheses for further study. SPSS standard settings

dichotomous variable (0 = not converted, 1 = converted).

were used in the CHAID tree analyses, with the following exceptions,
all due to small sample size: Minimum parent size was set to 10 and
child size was set to 5. Both split alpha and merge alpha levels were

2.6
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Statistical analyses

set to 0.10. The change in alpha settings allowed a significance level
up to p < 0.10 in the decision-tree analyses, for both splitting and

Statistical analyses were carried out using SPSS version 25 (IBM

merging nodes. This posed no problem for the main branches in the

Corp, 2017). Two-way analysis of variance was performed to examine

model, and accurate significant levels are reported for each node in

the distribution of key variables and basic demographic characteristics

Figure 1. For highlighting paths and nodes with p values deviant from

of age and gender across the dichotomous conversion variable.

standard p < 0.05, paths with p values between 0.05 and 0.10 were

Between-group differences were estimated using t tests (normally dis-

marked with dashed lines in Figure 1.

tributed data) or non-parametric tests (nominal/ordinal or non-normal

Data from all 96 participants on the 247 variables (i.e., SIPS items)
were included in the CHAID model, and missingness was allowed as it

data).
Chi-squared automatic interaction detection (CHAID) (IBM

commonly is in CHAID models; as the data were categorical, missing

Corp, 2012) machine-learning decision-tree analyses were used to

data were treated as a category on each variables the same way that

(i) examine potential predictors and their relationships to psychosis

the other categories were treated. Missing data were also reported

conversion and (ii) hierarchically rank predictors. This method was

along with the other categories (see Figure 1). To minimize effect of a

chosen for several reasons. First, it provides a clinically useful model

priori assumptions regarding SIPS thresholds and cut-offs, data were

which clearly depicts the steps and relative importance of predictors

fed into the model unprocessed, except for conversion to psychosis

and their thresholds for prediction. Second, with the relatively small

(converted/not converted). All 247 variables (19 SIPS-item measured

sample size available, it allows for employing all 13 measurement

at 13 time points) were entered simultaneously. This was done to

points in spite of this sample size limitation. Third, it is well suited for

ensure that any given SIPS-item at any given time would have the

exploratory investigations without a priori assumptions. Fourth,

same potential to predict outcome.

FIGURE 1

Predictors of psychosis onset

5
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3

RESULTS

|

branching into new nodes. The estimated error of risk was 0.125, and
the SE was 0.034. The model predicted correctly in 67 of 77 non-

Baseline gender ratio, age distribution and sum score means for SIPS

converted cases (87.5%), and 17 of 19 converted cases (89.5%)

for converters and non-converters (N = 96) are outlined in Table 1. Of

(Table 2).

the baseline sample N = 96, 14 converted within 6 months' time and
left the study (i.e., entered our first-episode psychosis study TIPS),
leaving N = 82. By the 24 months follow-up, an additional five partici-

4
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pants had converted, leaving N = 77 for analysis. Furthermore, 75%
of the original sample of 96 had at least four complete assessments;

The main findings in this study were, first, that the decision-tree

63.5% had at least 6.

model suggested that only four out of 247 specific SIPS symptom

Participants were young (mean age 16.5 years, SD 3.0) and with

scores were significant and useful for predicting psychosis onset cor-

an even male-to-female ratio (46:54). Age and gender were not asso-

rectly. Second, that early SIPS scores carried more weight compared

ciated with conversion to psychosis. A significantly higher mean item

to later ones. None of the item scores obtained later than 6 months

score for negative symptoms (2.43 vs. 1.69, t =

3.11, p < 0.01) was

were significant. Third, the item “reduced expression of emotion”

found for participants who later converted to psychosis. No other

(N3) at baseline was best for splitting the sample into converters ver-

symptoms at baseline were associated with psychosis-conversion.

sus non-converters; a score of one or higher was present in 16 out of
19 converters. Fourth, three out of four significant predictors are
listed as negative symptoms and are usually not included in the defini-

3.1

|

Decision-tree model

tion of CHR-P: reduced expression of emotion, reduced experience of
emotions and self, and reduced ideational richness. However, one

The decision tree model is presented in Figure 1 and Table 2. Of the

positive (perceptual abnormalities/hallucinations after 3 months) also

247 variables (SIPS items) included, five variables were key for

contributed to prediction.

predicting conversion to psychosis. Four out of these five were significant with a p value below 0.05, one (node 6) had a p value of 0.066.
(The lowest p value was naturally found for Node 0 and p values were
increasing throughout the branches. However, only Node 6 was

4.1 | Early symptoms and their social
consequences

above p value >0.05). The first variable (node 0) was item “N3 Expression of emotion” obtained at baseline, leading to the smallest branch

Some of the predictors found in this study appear to have a common

(43 participants), of whom 16 out of 19 converters scored above zero.

denominator: They are observable by peers, and they could affect the

Following this branch, the second variable (node 2) was “N4 Experi-

social domain. Reduced emotional expression and odd behaviour or

ence of emotions and self” at 5 months. All 16 converters with a score

appearance are directly observable. These features can lead to social mar-

above zero on N3 at baseline also had a score above 1 or missing on

ginalization, as people in a social context do not necessarily tolerate “oth-

N4 at 5 months. The third variable (node 6) was “D1 Odd behaviour

erness” and ultimately repulse it (Becker, 1963; Bjornestad et al., 2020). A

or appearance” at 1 month. Two out of 16 participants converting to

recent study of social interaction among adolescents (Bjornestad

psychosis had a score above 0. Returning to the first split, and follow-

et al., 2020) indicates that these behaviours lead to diminished social

ing the largest branch (53 of 96 participants), the next splitting vari-

interaction and ultimately, to social exclusion by peers. Further, despite

able (node 1)—was “P4 Perceptual abnormalities/ hallucinations” after

being subjective and private, poor ideational richness and perceptual

3 months; the fourth variable in the model. The fifth variable included

abnormalities or hallucinations, along with a reduced experience of emo-

(node 4) was “N5 Ideational richness” after 6 months, splitting above

tions and self, can be observable through coping strategies such as with-

zero or missing. On this largest branch all three participants conver-

drawing from social contact (Schultze-Lutter & Theodoridou, 2017).

ting to psychosis had a combination of scoring above three on percep-

Early failure in mastering social skills is common in CHR-P (Fusar-

tual abnormalities and above zero on ideational richness. Other

Poli et al., 2020). The importance of social participation for developing

variables were not significant and were therefore not included.

and

practicing

core

human

capacities

such

as

self-agency

The model, including a total of 10 nodes, had a maximum tree

(Bandura, 1982) and mentalization, (Fonagy & Bateman, 2006) imply

depth of three nodes. Of these nodes six were terminal, and not

that behaviours associated with the study predictors may produce long-

T A B L E 2 Decision-tree classification
matrix on converting to psychosis,
including type I and II errors

Observed

Non-converted

Converted

Percent correct

Non-converted

Correct
67 (87%)

False positive
10 (13.0%)

87.0%

Converted

False negative
2 (10.5%)

Correct
17 (89.5%)

89.5%

Overall percentage

71.9%

28.1%

87.5%
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term psychological and social setbacks, not only in terms of psychosis

may weaken the study's generalizability. However, attrition appeared

but also in a more general psychosocial sense. For example, individuals

to be random for baseline characteristics and the sample seems com-

with CHR-P who do not develop psychosis continue to display sub-

parable (e.g., age, gender SIPS symptom levels and functioning) to

threshold psychotic symptoms (Addington et al., 2019), meet criteria for

other CHR-P samples internationally (Fusar-Poli et al., 2020). A major

other mental disorders (Addington et al., 2017), and have limitations in

limitation with the machine-learning analysis is the possibility of over-

social functioning (Fusar-Poli et al., 2020). Targeting specific observable

fitting the model, reducing the possible use on other datasets and

behaviours leading to social exclusion seems a relevant entry point for

future data collections. We acknowledge that untested, this limits the

early prediction models and preventive efforts in CHR-P.

usability of the model. However, given the exploratory nature of this
study with the goal of generating hypotheses for future study, we
believe the risk of overfitting is acceptable in this study. We plan to

4.2
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Predictive value of negative symptoms

further test this model in this, and other populations with larger sample sizes.

It may seem paradoxical that negative symptoms were so strongly

The machine-learning analysis was also limited by a false negative

predictive of psychosis, whereas most early warning signs or “high

result in 10.5% of cases and a false positive result in 13% of cases.

risk” symptoms are defined as either attenuated or brief positive

Furthermore, while this is a study of specific SIPS items, the items

symptoms. This may be due to challenges distinguishing emerging

targeted quite general domains. Hence, variable discrimination may

negative symptoms from typical adolescent features: Puberty, insecu-

have been limited. Finally, as exploration and hypothesis generation

rity,

example

was the main aim of this investigation, we allowed a significance level

(Blakemore, 2018). Specificity appears to be low. Nevertheless, nega-

of up to p < 0.10 in the decision-tree analyses. This posed no problem

tive symptoms are important because they are associated with high

for the main branches in the model; however, the significance level of

levels of disability and poor prognosis both in psychosis (Marder &

Node 6: “1 month: D1 Odd behaviour or appearance” (see Figure 1)

n et al., 2020), and a central goal of
Galderisi, 2017) and CHR-P (Carrio

may reduce the predictive value of this variable.

heartbreak,

depression,

substance-use,

for

CHR-P intervention is to reduce the risk of adverse outcomes through
early intervention (Fusar-Poli et al., 2020). This is inspired by research
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Clinical implications
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